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Abstract-- Electrical appliances have distinct consumption 
patterns of which can be interpreted as signatures and used for 
various applications. Based on traditional power quality 
monitoring techniques, coupled with optimization algorithms and 
innovative pattern recognition methods and stochastic simulation 
tools, we are going to demonstrate in this paper how we defined 
different load signatures systematically, structured a 
disaggregation framework to identify and track individual 
appliances, assembled different Monte-Carlo simulators for 
testing purposes and proposed some innovative applications such 
as smart metering and equipment health monitoring using 
different load signatures. 
Index Terms-Load signature, smart metering, load 
disaggregation, power quality, equipment health monitoring, 
visualization tool. 
I. INTRODUCTION 
Traditionally, power quality monitoring is always focusing 
on finding how healthy the electricity service is, in terms of 
transient and steady state measures [1]-[6]. Voltage and 
current spikes [7], sags [1], surges/swells [2], unbalance and 
harmonic distortion [8]-[10] are some of the most notable 
attributes to describe the power quality of a system while 
serving its load entities under normal condition and/or 
subjected to disturbances. Over the years, knowledge and 
capabilities of monitoring and analyzing power quality 
attributes have matured and technologies such as sensors and 
disturbance analyzers are also made available to both electric 
utilities and industrial users. In the meantime, using the same 
electrical "signatures" to monitor individual equipment as 
means of health monitoring [11], fault detection [12]-[14] and 
usage tracking [15] are also emerging. 
In fact, whether the aim is to monitor the behavior of a 
supply system or the load entities it is serving, the monitored 
variables are the same, i.e. voltage, current, power and their 
derivatives. For instance, starting a motor can cause a 
momentary dip in voltage and surge of the current waveform. 
Power quality monitoring sees it as a voltage dip that should 
be kept within some prescribed standards while load signature 
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sees the inrush current wave-shape as a unique signature of the 
starting-torque and acceleration characteristic. Therefore, the 
knowledge of interpreting the "signatures" from both camps 
are interchangeable and of mutual benefits. 
This paper is organized as follows. Section II defmes the 
basic concept of load signatures. Based on a multi-feature and 
multi-algorithm approach, a load disaggregation framework is 
given in Section III. Section IV provides some Monte Carlo 
simulation methods designed for testing the performance of 
different load disaggregation methods and how to 
automatically construct a load signature database. Section V 
illustrates a load signature imaging to provide a multi­
dimensional scope of visualizing load signatures 
simultaneously. Section VI presents some potential 
applications for load signatures such as for smart metering. 
Section VII discusses some challenges of load signature 
analysis and provides an insight for future work and finally the 
conclusion is in VIII. 
II. LOAD SIGNATURE FORMS AND DISAGGREGATION 
ALGORITHMS 
Load signatures (LS) are the unique consumption behavior 
of individual appliances and they can be used to disaggregate 
a composite load signal. We proposed in our previous papers 
[16], based on the sampling rate, load signatures can be 
classified into two levels, namely micro and macro level. The 
micro level is a detailed view of LS which requires the 
samp ling interval shorter than 1 second (e.g. current 
waveform). On the contrary, macro level LS refers to data 
with a sampling interval of longer than 1 second. Traditional 
load signature studies and disaggregation research mainly 
focused on macro LS, e.g. real and reactive power (P-Q) [15], 
[17]. Fig. 1 illustrates the P-Q diagram we derived from an 
appliances database [16]. Since there may be a large portion of 
household appliances with similar P-Q characteristics and 
some appliances are difficult to be distinguished due to noise 
and feature fluctuation, more sophisticated means and 
methodology are needed. 
One of the most common features using the transient shapes 
of real power was proposed for motor-driven appliances [18], 
[19]. Harmonics are generally considered as an additional 
feature and they can be derived from a fast Fourier 
transformation (FFT). Transient harmonics method was also 
proposed to detect specific appliances (e.g. multi-mode 
appliances) [20]-[24]. Other researchers also used higher order 
harmonics in the steady-state signals [25], [26], wavelet 
transform [27], [28] and geometrical features of waveforms 
[29], [30]. 
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Fig. 1. P-Q signatures of a number of appliances in a household 
Based on our research works [16], [31], we realized that it 
is quite challenging to identify individual appliance accurately 
by only one or two features, particularly if there is a huge 
amount of appliances and they may have similar features. 
Furthermore, the identification algorithms (e.g. generic 
algorithm [32] and integer programming [33]) and pattern 
recognition (e.g. artificial neural network [25]), could only 
consider a few features and its performance may vary 
depending on the feature(s) adopted. 
To solve these problems, we developed a multi-feature 
multi-algorithm platform, in which seven kinds of features are 
considered whilst both optimization algorithm (Least Residue) 
and Pattern Recognition (ANN) were integrated to perform 
load disaggregation as shown in Fig. 2 [16]. 
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Fig. 2. CDM disgram [Remarks: least residue (LR), aritifical neural network 
(ANN)] 
The multi-feature approach could enhance the observability 
of the LS space by taking into account not only the transient 
and steady-state behaviors but also different features in 
different domains. These features include: Current Waveform 
(CW), Active/Reactive power (PQ), Harmonics (HAR), 
Instantaneous Admittance Waveform (lAW), Instantaneous 
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Power Waveform (lPW), Eigenvalues (EIG) and Switching 
Transient Waveform (STW) [16]. 
Different identification/disaggregation algorithms using 
different feature finally generate a group of solutions / 
candidates. To consolidating all potential solutions in the pool, 
we further developed a Committee Decision Mechanism 
(CDM) to render the best solution [16]. In our study, three 
kinds of CDM criteria, i.e. Most Common Occurrence (MCO), 
Least Unified Residue (LUR) and Maximum Likelihood 
Estimation (MLE) were tested and compared [31]. 
III. LOAD DTSAGGREGA nON FRAMEWORK 
Fig. 3 shows a framework for load identification and 
disaggregation. It consists of three functional blocks: 1) Event 
detection and feature extraction, 2) Load disaggregation and 
appliance on-off matching, and 3) Application. The 
disaggregation process is briefly reviewed as below: 
Fig. 3. Load disaggregation framework 
(1) Event Series: Consisting all the raw recordings of the 
appliance operation process. 
(2) Data Acquisition: Capturing the steady-state (at a fix­
interval sampling rate) and transient load signals (based on 
trigger setting). 
(3) Data Processing: Filtering and normalizing the data. 
(4) Event Detection: Identifying and setting a triggering 
threshold to determine whether or not an appliance was 
switched. 
(5) Feature Extraction: Extracting multiple features from the 
detected events. 
(6) Load Disaggregation: Executing the disaggregation 
algorithm(s) to identify which appliances are operated. 
(7) On-off Events matching: Running another set of 
algorithms to adjust the previous disaggregation results and 
matching the on-off events based on individual appliance 
characteristics and minimizing the power mismatch residue. 
(8) Application: Using the disaggregation results (appliances 
on-off status) to provide different innovative energy services. 
IV. ST ATTSTICAL METHODS 
A. Monte Carlo Simulations 
Since it is infeasible to conduct thousands of actual trials to 
examine the load disaggregation capability, we have devised 
different simulators using Monte Carlo methods to test the 
disaggregation performance. Three different types of 
probabilistic distribution functions for the switching events, 
namely 1) normally-distributed, 2) evenly-distributed and 3) 
behavioral-based, were constructed and then used to generate 
millions of random scenarios [31]. The normally-distributed 
simulator randomly toggles an appliance to its opposite 
operating state. The evenly-distributed simulator first 
randomly selects either an 'on' or 'off state and then 
randomly switch an appropriate appliance according to the 
selected state. Both simulators treat all appliances 
indistinguishably. The behavioral-distributed simulator is a 
more sophisticated one that requires the classification of 
appliances into different types and the expected operating 
periods. Random switching is then performed to emulate the 
corresponding behavior. The number of simultaneously­
operating appliances as shown in Fig. 4 helps indicate one of 
the key characteristics of different random switching profIles 
[31]. The accuracy of the proposed disaggregation framework 
could achieve above 90% using these simulators as test case. 
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Fig. 4. Frequency distribution of 3 types of Monte Carlo simulators [31] 
B. Statistical Clustering 
A useful and meaningful load disaggregation process 
requires an accurate and reliable load signature database. 
However, manually constructing the database needs many 
heuristic rules and lots of effort in assembly. Motivated by this, 
we also explored statistical approach for load signature 
identification using clustering methods [34]. We used a K­
means algorithm to identify a cluster group of appliances. 
Since the number of appliances is not necessarily known in 
advance, we proposed to use a cluster validity index to 
iteratively search for an optimal number of clusters. To 
improve the automatic clustering accuracy, pre-fIltering the 
3 
signals and cluster consolidation were found necessary. In 
general, automatic database assembly still requires many data 
samples and computing power. 
V. MULTI-FEATURE PROJECTION - LOAD SIGNATURE IMAGING 
Load signatures process many features. Most often we look 
at the variations with respect to time, i.e. a number of time 
series. However, as described earlier, some of the features and 
characteristics are in different domains andlor the projection 
of one variable onto another sub-space, e.g. voltage-current, 
real and reactive power and frequency domain etc. It is 
difficult to see all these features in a 2-dimensional space 
simultaneously. As such, we devised and proposed a Load 
Signature Imaging (LSI) layout that can display a snapshot of 
many detectable features onto a 2-dimensional screen for 
examination as shown in Fig. 5 [35]. 
Within the same screen, we were able to show the I-cycle 
waveforms of a typical household appliance - refrigerator. Of 
course, the merits of such a detailed analysis may not be 
justified for a typical household refrigerator. However, for an 
expensive HV AC compressor or mission-critical equipment, 
such a visualization tool for identifying the complex nature of 
the load signature may be justifiable . 
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Fig. 5. Load signature imaging for refrigerator with different loadings 
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VI. ApPLTCA nONS IN SMART METERING 
Load signatures analysis can find many applications. An 
artist' s rendition of a futuristic energy billing layout is shown 
in Fig. 6. Once the equipment signature is identified, we can 
then track and compare its performance against its own 
historical data for trending and life-expectancy estimate. We 
can also sample different appliances in many flats and then 
compared the load signatures among them. For heaters, 
washing machines and air-conditioners, the disaggregation 
accuracy was quite promising from a trial we conducted as 
shown in Fig. 7 [36]. As such, the owner or user of the 
equipment can use such information to gauge the value of 
replacement, repair or let it run until its useful life. 
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Fig. 6. An artist's design of future energy billing layout 
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Fig. 7. Benchmarking different appliances 
With the same principle, load signature disaggregation 
technologies can also be used to drive other innovative 
applications [37] such as "load commitment" - keeping the 
usage of an appliance within a pre-set value or supporting the 
home security functions by continuously tracking specific 
appliances (e.g. lighting systems ) within a pre-defmed time as 
shown in Fig. 8. 
VII. DISCUSSION 
There are some challenges in load signature analysis and 
disaggregation process: 
• High sampling frequency and data storage needs for 
certain signatures; 
• Computing power needed for complex disaggregation 
algorithms (single or combined); 
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• Similar signatures among different appliances; 
• Inactive appliances, e.g. stand-by units; 
• Database assembly and updates; 
• Disaggregation accuracy; and 
• Accurate signature database assembly. 
4 
In essence, high-consumption (power hungry) equipment 
are easy to detect and track, e.g. water tanks, air-conditioners 
etc. Their disaggregation accuracy are 100% (> 1 00 W). 
Similar appliances and resistive loads are more difficult to 
identify. The way to defme disaggregation accuracy also needs 
to be well defined [16], [38]. In time, particularly with the 
deployment of more electronic smart meters and ever 
increasing connectivity and processing power, these technical 
challenges may be overcome. Perhaps the greatest challenge 
is the value and business opportunities derived from such an 
endeavor. 
VIII. CONCLUSION 
Power quality monitoring has always been focusing on 
examining what the supply system is performing. Various 
features under such an examination can in fact be used as 
signatures to reflect the operating and health conditions of the 
load entities. In our experiences with load signature studies, 
derived from the knowledge of power quality monitoring and 
assessment, it was found that load disaggregation is possible 
but the needs for high sampling rate and computing power are 
also inevitable. However, with the emerging trend of more 
smart meters and smart grid deployment around the world, it is 
foreseeable that the smart metering applications based on 
different load signature patterns will likely to expand. 
Set Energy Limit 
AC units- Limit 
Heaters- Limit 
� 
110kWh I I /day 
I 8kWh t t /day 
Electronic loads- Limit 120kWh It/week 
Refrigerator1Limit [2kWh [ [/day 
Consumed so far [1.8kWh [ [/day 
Smart energy 
saving mode � 
Homer Security Alerts � 
Nobody at home 114:00 1----116:00 1 
Alert me if 1 Lighting I is used in above times 
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